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Available online 17 December 2015The aim of this study is to compare the surface soil moisture (SSM) retrieved from ESA's Soil Moisture and Ocean
Salinity mission (SMOS) with the output of the ORCHIDEE (ORganising Carbon and Hydrology In Dynamic Eco-
systEm) land surfacemodel forcedwith two distinct atmospheric data sets for the period 2010 to 2012. The com-
parisonmethodology isﬁrst established over the REMEDHUS (Red de Estaciones deMEDición de laHumedad def
Suelo) soil moisture measurement network, a 30 by 40 km catchment located in the central part of the Duero
basin, then extended to thewhole Iberian Peninsula (IP). The temporal correlation between the in-situ, remotely
sensed andmodelled SSM are satisfactory (r N 0.8). The correlation between remotely sensed andmodelled SSM
also holds when computed over the IP. Still, by using spectral analysis techniques, important disagreements in
the effective inertia of the corresponding moisture reservoir are found. This is reﬂected in the spatial correlation
over the IP between SMOS and ORCHIDEE SSM estimates, which is poor (ρ ~ 0.3). A single value decomposition
(SVD) analysis of rainfall and SSM shows that the co-varying patterns of these variables are in reasonable agree-
ment between both products. Moreover the ﬁrst three SVD soil moisture patterns explain over 80% of the SSM
variance simulated by the model while the explained fraction is only 52% of the remotely sensed values. These
results suggest that the rainfall-driven soil moisture variability may not account for the poor spatial correlation
between SMOS and ORCHIDEE products.







Moisture availability at the surface is a major constraint on the cou-
pling between continental surface and the atmosphere at different time
scales. As demonstrated for tropical regions, moisture availability can
determine small scale gradients and trigger convective systems and
thus atmospheric processes at short time scales (Taylor et al., 2011).
For time scales up to seasonal, there is also evidence that the soil mois-
ture memory might contribute in some regions to the predictability of
climate (Koster et al., 2011). Although most of these results on the
role of soil moisture in the surface atmosphere interactions are model
based, and thus have to be taken with some caution (Taylor, de Jeu,
Guichard, Harris, & Dorigo, 2012), it is anticipated that observing the
moisture available in the soils on an operational basis will be beneﬁcialie Dynamique du CNRS, Institut
eau Cedex, France.
.
. This is an open access article underfor estimating evaporation and thus controlling the partition of energy
at the surface.
The analysis of regional or even global soil moisture estimates, or
more generally of land surface states, is a challenge because of the
high spatial heterogeneity of surface properties and the fast time con-
stants characterizing some surface variables. A common approach has
been to run a set of land surface models under controlled conditions
and use the ensemble average as best estimate (Dirmeyer, Dolman, &
Sato, 1999). A related approach is to control the evolution of one
model with the assimilation of all available local observations (Rodell
et al., 2004) integrating the spatial variability not represented at the res-
olution of the model as a representativeness error of the in-situ data.
More recently, technological advancements have made possible the
launch of satellite instruments designed to observe critical land surface
state variables. This is the case of the ESA's Soil Moisture and Ocean Sa-
linity (SMOS) mission, in orbit since November 2009, which provides
estimates of salinity over oceans and of surface soil moisture over con-
tinental surfaces (Kerr et al., 2001). Since SMOS is mainly sensitive to
near surface soil moisture (top 5 cm), it is advantageous to assimilatethe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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estimates for deeper surface state variables such as root zone soil mois-
ture, a direct indicator of the water available to plants (Draper, Reichle,
De Lannoy, & Liu, 2012; Muñoz-Sabater, Jarlan, Calvet, Bouyssel, & De
Rosnay, 2007). This information is very relevant to improve the charac-
terization of surface/atmosphere interactions. The large scale nature of
SMOS soil moisture estimates should ensure that they are more repre-
sentative of the scales simulated by land surface models and thus per-
form better than in-situ observations in the assimilation process.
A ﬁrst step towards assimilating satellite observed variables is to
compare them with model output and ensure that both have compati-
ble physical deﬁnitions. This has been done recently for SMOS soilmois-
ture products, with in-situ observations and the ECMWF land surface
model (Albergel et al., 2012) or the Météo-France model (Parrens
et al., 2012). Nevertheless in both cases the focus of the comparison
was on the temporal evolution of SSM with some spatial diagnostics
presented by Parrens et al. (2012). In the present study we perform
this comparisonwith in-situ observations and theORCHIDEE (ORganising
Carbon and Hydrology In Dynamic EcosystEm) land surface model, and
extend the analysis to focus on the spatial structures that are resolved
by the remotely sensed and the modelled SSM. To our knowledge it has
not yet been veriﬁed that the time varying spatial structures captured
by SMOS are those driven by the meteorological scales and can be com-
pared to those simulated by land surface models.
The proposed analysis focuses on the Iberian Peninsula (IP)
because it is a semi-arid region where many human activities are
governed by water availability. Hence, developing tools for monitor-
ing and predicting SSM in this region is of critical importance.
Furthermore, the region is not densely vegetated and soil moisture
displays a large annual cycle, thus providing an ideal setting for SMOS
satellite observations. As spring time soil moisture anomalies over the IP
are believed to be a pre-cursor to droughts and heat waves in Europe
(Vautard et al., 2007; Zampieri et al., 2009), monitoring, assimilating
andmodelling surface states in this region could be key for improvements
in seasonal forecasting systems.
Due to the high temporal variability of the upper 5 cm soil moisture
measured by SMOS, the sampling of observations is a critical issue (De
Rosnay, 2003). Thus this study starts with a presentation of the data
sets and a quantiﬁcation of possible biases introduced by the sampling.
After these preliminaries, we compare SMOS and ORCHIDEE SSM over
the REMEDHUS (Red de Estaciones de MEDición de la Humedad def
Suelo) basin, where in-situ observations are available (Martínez-
Fernández & Ceballos, 2005). The analysis of the temporal variability
is then extended to the entire IP for the SMOS and ORCHIDEE data
sets, where the spatial correlation of the surface soil moisture struc-
tures is also studied. Afterwards, we discuss the relations between
the temporal and spatial variability of rainfall and SSM as retrieved
by SMOS and simulated by ORCHIDEE: ﬁrst the relation between
the spectral characteristics of precipitation and SSM is analysed;
then the coupled rainfall-SSM co-varying patterns are identiﬁed
and studied by means of the singular value decomposition (SVD)
method. Finally, we discuss the main ﬁndings of this study and present
its general conclusions.2. Data and methodology
2.1. The SMOS surface soil moisture product
The ESA SMOS mission was launched on November 2, 2009. Over
land, the SMOS mission aims at providing surface soil moisture (origi-
nally advertised to be the top 5 cm) data at a spatial resolution better
than 50 km, with a target accuracy of 0.04 m3/m3 and a repeat cycle of
less than 3 days. The payload is a novel 2-D synthetic aperture radiom-
eter equipped with 69 L-band receivers regularly distributed over a
Y-shaped antenna array. This new design allows observing all pixelswithin a 1000 km wide ﬁeld of view at a range of incidence angles
(from 0 to 65°) and polarizations (horizontal, vertical, and mixed).
The SMOS soil moisture retrieval algorithm consists in matching
measured and modelled (surface emission) brightness temperatures.
The modelled values are functions of polarization, incidence angle, soil
moisture (through the soil dielectric constant) and other physical pa-
rameters inﬂuencing land emissivity at L-band, namely land surface
temperature, soil roughness, vegetation optical depth and volume scat-
tering albedo. Information on land-cover and soil properties (e.g. clay
fraction, bulk density, ﬁeld capacity and wilting point) is also used in
the forward modelling. The inversion (retrieval of geophysical vari-
ables) is performed by minimizing a cost function that accounts for
the weighted squared differences between modelled and measured
data (Kerr et al., 2012).
The SMOS BEC L3 v.001 soil moisture data from January 2010 to De-
cember 2012 over the IP has been selected for this research. It is obtain-
ed by quality-ﬁltering and re-gridding of the newest version of L2 data
(v.551); grid points affected by radio frequency interferences (RFI)
and/or with soil moisture Data Quality Index (DQX) greater than 0.07
are discarded; and a DQX-inverse weighted average is applied to bin
the data from ISEA to the 25 km EASE equal-area grid. Data and further
details are available at http://cp34-bec.cmima.csic.es/. A compre-
hensive validation of SMOS-derived products over the IP can be
found in Gonzalez-Zamora et al. (2015).2.2. The ORCHIDEE land surface model
ORCHIDEE, the land surface model of the Institut Pierre Simon La-
place (De Rosnay & Polcher, 1998; Krinner et al., 2005), is ideally suited
for analysing remotely sensed soil moisture products because of its high
vertical resolution in the representation of soil moisture (De Rosnay,
Bruen, & Polcher, 2000; De Rosnay, 2002; D’ Orgeval, Polcher, & de
Rosnay, 2008). Themainmotivation for developing the ﬁne vertical res-
olution was to improve the interaction of the root proﬁle with the soil
moisture distribution at different depths and reﬁne the representation
of inﬁltration processes. With the same motivation, a sub-grid variabil-
ity of soilmoisturewas included in themodel. In each grid box three soil
moisture proﬁles are simulated. They share the same soil texture and
structure, taken from the Zobler map (Post & Zobler, 2000), but differ
in their vegetation distribution. The 13 plant functional types represent-
ed by ORCHIDEE are distributed over the 3 columns: bare soil, low veg-
etation and high vegetation. As each is characterized by different root
proﬁles, the soil moisture in each column will develop its own proﬁle.
It was found that this method provides the best simulation of soil
moisture stress for evaporation (D’ Orgeval et al., 2008). In the analysis
presented here only the grid box average soil moisture proﬁle will be
considered.
From the eleven soil moisture layers simulated by ORCHIDEE, only
the ﬁrst 5 layers spanning the top 4.5 cm of soil is analysed here. The
sumofmoisture in these top layers is the closest to the SMOS theoretical
penetration depth of 5 cm (Kerr et al., 2010) and is thus deﬁned as the
simulated SSM. Analyses not detailed here have shown that deeper
layers are not relevant for the comparison with SMOS observations as
their typical time scales are much longer than those obtained from the
satellite.
ORCHIDEE is forcedwith twodifferent atmospheric datasets in order
to frame the uncertainty introduced by this boundary condition and test
the possibility of using remote sensing observations to evaluate the
quality of these simulations. The ﬁrst forcing is the one extracted from
the ERA-Interim (ERA-I) re-analysis (Balsamo et al., 2012; Dee et al.,
2011). The corresponding simulation will be labelled OR-ERA. This
type of atmospheric forcing is known to have biases that negatively af-
fect land-surface simulations and can be corrected (Ngo-Duc, Polcher, &
Laval, 2005; Weedon et al., 2011). Consequently the bias corrected
product WATCH Forcing Data ERA-Interim (WFDEI) is also used
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designated OR-WFD.
The two forcing datasets share the same synoptic variability for all
variables. The bias correction process affects precipitation intensity, as
monthly mean precipitation and the number of wet days have been
changed in order to correspond to the values given in the Climate
Research Unit (CRU) compilation of observations (Harris, Jones, Osborn,
& Lister, 2014). The ERA-I data are available at the horizontal resolution
of the atmospheric model used in the re-analysis, i.e. 0.75° by 0.75°. On
the other hand, for WFDEI the re-analysis has been extrapolated to the
0.5° by0.5° resolution of theCRUdata sets used in thebias-correctionpro-
cess. Thus soil moisture was simulated by ORCHIDEE at these two spatial
resolutions. The overlap period between these two forcing data sets and
SMOS available data is January 2010 to December 2012 and will thus be
the focus for this study. Since both ERA-I and WFDEI forced simulations
were started in January 1979, the analysis period does not suffer from
any spin-up artefacts.
To facilitate the comparison of soil moisture daily means, the two
ORCHIDEE simulations were remapped to their nearest neighbour on
the 25 km EASA equal-area grid on which the SMOS BEC L3 product is
provided. This preserves the spatial structures provided by the model,
which is run at the coarser resolution of the atmospheric forcing. Having
all surface soil moisture estimates on the same 25 km resolution grid al-
lows to create a thinned version of the ORCHIDEE data in which all
values which do not have corresponding SMOS observations are delet-
ed. These two versions of modelled SSM are used for analysing the
impact of sampling.
2.3. Sampling error analysis
The 36 months record of SMOS daily averaged SSM on the 25 km
grid, not all pixels are observed daily. The month with most SSM values
is November 2012 (73% of possible values are observed) and themonth
with the least observations is September 2012 (40%). As expected, these
numbers are lower during the satellite's commissioning phase (January
to June 2010). SMOS swath allows for a 3-day revisit period on the
morning or evening orbit, so the IP will not be fully covered by the sat-
ellite on a daily basis. Additionally, there is an important amount of
missing data due to the presence of radio frequency interferences
(RFIs) (Oliva et al., 2012) overshadowing the measurements. Also, no
estimates are provided when the retrieval algorithm is unable to esti-
mate upper soil moisture within acceptable uncertainty bounds. Still,
with some exceptions, the IP is well observed at the daily scale.
For a number of diagnostics presented in this study, it is helpful to
average the surface soil moisture maps of SMOS over an appropriate
timewindow to reducemeasurement noise and providemore complete
spatialmaps. But the bias introduced by the time averaging of an incom-
plete sample relative to the truemeanneeds to be quantiﬁed. In order to
evaluate this sampling error,we compare themean SSMcomputedwith
all values simulated by ORCHIDEE with the estimated average obtained
using a thinned version in which modelled values are only retained if
they correspond to SMOS observations. This diagnostic is performed
on the SMOS grid (i.e. a 25 km resolution). For temporal averagingwin-
dows ranging from 2 to 15 days, the true average is compared to those
obtained with the thinned data using a root mean square error (RMSE)
and a spatial correlation (labelled ρ here). These are the metrics most
relevant for the diagnostics performed in this study. As the impact of
SMOS sampling is expected to change with the season, as the frequency
and intensity of rainfall events as well as the evaporative demand ex-
hibits annual cycles, the diagnostic was performed separately for each
month.
In all months, SSM exhibits a sampling error (RMSE and spatial cor-
relation) that monotonically deteriorates from the 2 to the 5-day aver-
aging window length and reaches a plateau for higher values. The
largest errors are obtained for the month of September 2010 (where
57% of all possible points have observations), April and September2012 (where 40 and 63%, respectively, of all possible points are ob-
served). In these cases the RMSE reaches 10% of the true mean and
the spatial correlation drops to 0.92. During the 30 months period of
SMOS observations falling outside of the commissioning phase, it was
not possible to determine if the annual cycle of SSM or the number of
observations are responsible for the variations in the sampling error.
Given the results of the above analysis, we can assume that the
SMOS sampling of SSM produces RMSE scores below 10% and spatial
correlation values above 0.92 for averages up to a monthly scale. Larger
discrepancies between remotely sensed and modelled soil moisture
cannot be attributed to the irregular nature of satellite observations
over the IP. We try to avoid this type of errors by retaining only
ORCHIDEE values that correspond to valid SMOS retrievals, i.e. using a
re-sampled version of the model output.
2.4. The REMEDHUS station data
To benchmark the agreement between SMOS and ORCHIDEE
SSM, we select a small area in the central part of the Duero basin
where a network of 19 permanent soil moisture stations is operated
and serves as a SMOS validation site. This area has a typical semi-
arid Mediterranean climate and its soil texture is characterized by
a large sand fraction. The stations are distributed over the catch-
ment so as to be representative of the main physiographic and ped-
ological units (Martínez-Fernández & Ceballos, 2005; Sánchez,
Martinez-Fernandez, González-Piqueras, et al., 2012; Sánchez,
Martinez-Fernandez, Scaini, et al., 2012). For this analysis we select
SMOS and ORCHIDEE data on the pixel which includes the REMEDHUS
basin (see KML ﬁle in the Supplementary Data).
The variability across the 19 stations within the basin provides a
glimpse of the small-scale spatial variability of SSM. Before computing
the basin average and variance, we normalize the SSM time series at
each station. In the original data the largest inter-station variability of
soil moisture is observed in winter, when SSM reaches ﬁeld capacity.
Such variability depends on the texture and structure of the soils in
which the probes are placed and is not relevant for the comparison
with SMOS or ORCHIDEE, because their SSM estimates are based on
slightly different assumptions about the local soil characteristics. For in-
stance, the sand fraction is observed to be 71% in the RHEMEDUS basin
(Martínez-Fernández & Ceballos, 2005), in the SMOS L2 retrieval algo-
rithm 40.39% of sand is assumed and ORCHIDEE uses 50% of sand
based on the Zobler map (Post & Zobler, 2000). To eliminate this vari-
ability each time series is linearly rescaled to the interval [0, 1] with re-
spect to its minimum and maximum, which are used as proxies for the
ﬁeld capacity and wilting point. However we are aware that this nor-
malization is likely to underestimate the maximum inter-station vari-
ability in normalized soil moisture, which generally occurs in summer.
During this time of the year, because of the intra-basinwater redistribu-
tion, upstream top soils are often drier than downstream ones where
the wilting point may not be reached. Thus the inexact assumption
about thewiltingpoint at thedownstreamstationsmay cause anunder-
estimation of summer inter-station variability.
2.5. Temporal variability
To study the temporal variability of the SMOS SSM, we need to take
into account that the average observation frequency over the IP is
1.5 days. But there is quite a large variability in this value over the
3 years record. For the reasons previously discussed, RFIs, perturbation
in the satellite operations and failure of the retrieval algorithm to con-
verge will tend to reduce the frequency of observations.
To estimate the periodogram for irregularly distributed data, we use
the Lomb–Scargle method (Press & Rybicki, 1989) and we have to de-
termine the range of frequencies in which it can reliably be computed.
Given the average frequency of observations and the record length,
the spectral power could potentially be estimated from periods of
Fig. 1. Evolution of surface soil moisture from January 2010 to December 2012: observed
at theREMEDHUS site (red), retrieved by SMOS (green) and simulated byORCHIDEE (blue
and cyan). The red shaded area represents the standard deviation of the 19 REMEDHUS
stations. A 5 day averaging was performed before plotting. Temporal correlations with
the average REMEDHUS soil moisture are reported in the legend. For placement of the
stations and the grid boxes for SMOS and ORCHIDEE see the web version of this article.
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limit on the estimations at the highest frequencies, as can be estimated
theoretically for a Gaussian white noise process (Horne & Baliunas,
1986). As SSM is signiﬁcantly auto-correlated (Entin et al., 2000), the
Lomb-Scargle method will tend to overestimate the power at high fre-
quencies. The upper limit of the frequencies which can be retrieved
from the SMOS observations is determined by comparing the results
of the spectral analysis of the full time series of the simulated SSM
with the thinned version on a number of grid points. This shows that
for periods shorter than 6 days the observations are too irregular to ob-
tain reliable estimates of the spectral power. Thus the spectral analysis
will be limited to periods between 6 and 365 days.
Another method to analyse the characteristic time scales of SSM es-
timates consists in decomposing the signal into amean annual cycle and
an anomaly. The ﬁrst step is to compute a mean annual signal based on
the 3 years of data. As this is a rather short period, themean annual cycle
is smoothed with a spline ﬁlter in order to remove sub-monthly ﬂuctu-
ations. The anomalies, which represent the synoptic variability, are ob-
tained by subtracting the smoothed annual cycle from the original
time series. After applying this procedure to all points of the study re-
gion, we can compare the spatial structures of the annual and of the
anomaly components between the remotely sensed and the simulated
SSM.
3. Results
3.1. Benchmarking SMOS and ORCHIDEE at the REMEDHUS site
Fig. 1 shows the time evolution of SMOS, ORCHIDEE and the spatially
averagedREMEDHUS surface soilmoisture (SSM). The drying of the sur-
face layers during the spring and the autumn wetting are well repre-
sented. The annual cycle of the simulated SSM is very similar in phase
to those observed in-situ and retrieved from SMOS.Table 1
Temporal correlation between the four surface soil moisture data sets and ratio of spectral pow
Data set Temporal correlation (r)
REMEDHUS SMOS
REMEDHUS 1 0.75 ± 0.01
SMOS 1
OR-ERA
OR-WFDSuperposed on the annual cycle, the soil wetting events associated to
rainfall episodes are well detected by the satellite and synchronous with
those measured in-situ and simulated by ORCHIDEE for the top 5 cm of
soil. The simulated soil moisture peaks are very similar to those observed
by SMOSbut generally narrower than thosemeasured in-situ. Particularly
in spring and summer, the in-situ SSM exhibits a slower drying than the
one found in the SMOS retrievals and ORCHIDEE. The remotely sensed
and modelled values are smaller and well outside the range of variability
estimated from the 19 stations in summer. Thismaybe causedby the nor-
malization procedure which does not use the true wilting point for each
station and thus may underestimate the spatial variability as indicated
above.
The normalization of the soil moisture is problematic, but statistics
such as the temporal correlation or the periodogram do not require it.
As expected, the temporal correlation between the daily values for
REMEDHUS, SMOS and ORCHIDEE soil moisture estimates is very high
(Table 1). The variability in the correlation of each station in the basin
with either the remotely sensed or modelled data is small and can be
neglected. The model correlates slightly better in time to the in-situ ob-
servations than the retrieved SSM from SMOS (r = 0.75 vs. r = 0.82).
These results are in the same range of the temporal correlation obtained
with SMOS and HTESSEL over the same site (Albergel et al., 2012).
The high temporal correlation values aremainly driven by the strong
response of SSM to rainfall events and thus the high frequency behav-
iour of the variable. This measure though is not very sensitive to the
slower variations. In this regard, these results do not inform on the
ability of the model or the remote sensing methodology to reproduce
well the annual cycle of SSM.
Fig. 1 shows that the time characteristics of SSM's response to rain-
fall events and the annual wetting are different across the 4 data sets.
This suggests that a spectral analysis might be revealing. We have esti-
mated the spectral power using the Lomb-Scargle method (Press &
Rybicki, 1989). The current SMOS data availability permits reliable esti-
mations of the spectral power from periods of 6 days to 1.5 years as
explained in Section 2.3. To account for the variability of the spectral
power between the 19 stations, we use the maximum and minimum
spectral power at each frequency as uncertainty estimates.
Fig. 2a provides the smoothed spectra over the REMEDHUS basin for
all 4 data sets. The model is always within the variability of the 19 sta-
tions and reproduces certain remarkable spectral peaks found in the
in-situ data, in particular the maximum at 9–10 days and minimum at
16–18 days. The sharpness of SSM peaks found in Fig. 1 for SMOS, rela-
tive to the other data sets, is reﬂected here by higher values in the high
frequency part of the spectrum. For periods shorter than 8 days SMOS
shows more energy than found in any of the 19 REMEDHUS stations.
In contrast, at the lower frequencies all four data sets agree well.
To better understand the spectral analysis, Fig. 2b compares the soil
moisture spectra of the OR-ERA simulation to the rainfall data set with
which the model was forced and that of an independent gauge-based
gridded rainfall product, E-OBS (also thinned according to SMOS re-
trieval availability) (Haylock et al., 2008). It can be noted that the spec-
tra for rainfall are much ﬂatter than those of soil moisture. In other
words the rainfall signal is closer towhite noise than thewater accumu-
lating in the upper soil. This can be explained by the autocorrelation in-
troduced by the inertia of the soil moisture that shifts energy from the
high to the lower frequencies (Entin et al., 2000). This red-shift of theer (R) between the 6–30 days and 90–365 day bands.
Ratio R of spectral power
OR-ERA OR-WFD




73J. Polcher et al. / Remote Sensing of Environment 174 (2016) 69–81forcing rainfall spectrum is an intrinsic property of the soil. It is deter-
mined by the water holding capacity and drainage to deeper layers.
Evaporative demand of the atmosphere will add further energy at
lower frequencies, as its temporal evolution is slower than that of pre-
cipitation. To illustrate this phenomenon, Fig. 2b provides the spectra
for several surface soil moisture layers. As layers become thicker, the
spectrum shifts progressively towards red noise and the peaks are
smoothed out. For instance the peak at 9–10 days, which originates
from the rainfall signal (thick curves in Fig. 2b) is strong for layers upFig. 2. a) Normalized spectral density for surface soil moisture for: the averaged
REMEDHUS in-situ measurements (red), SMOS retrievals (green) and 2 ORCHIDEE
simulations (blue and cyan). The shaded area around the average periodogram of all 19
observing sites (orange), represents the minimum and maximum of the spectra obtained
for REMEDHUS. b) Spectral density of rainfall (thick lines) at the REMEDHUS site from
E-OBS, ERA-I and WFDEI. The thin lines provide the periodogram for several soil depths
of the OR-ERA simulation. The line labelled OR-ERA corresponds to the top 5 cm (integrating
levels from 1 to 5). The legend displays the ratio of spectral power between the 6–30 and
90–365 day bands. The smoothing is performed with sliding windows covering 3% of the
total frequency interval.to 20 cm (1–7 layers) but loses intensity for thicker layers. In the same
way the spectral peak in rainfall at 7.5 days is rapidly dampened out
by the inertia of the soil and is lost at 10 cm (1–6 layers), demonstrating
the time ﬁltering operated by the vertical diffusion and evaporation.
Comparing the ERA-I rainfall spectrum with the one of the OR-ERA
simulation shows that the two strong extrema in SSM (maximum at
9–10 days andminimum at 16–18 days) are partially explained by rain-
fall variability at this site. The strongest spectral peak in rainfall at
7.5 days corresponds to a weaker peak in SSM compared to that at
9–10 days. This can be explained by the fact that these two spectral
characteristics of rainfall occur at different seasons and thus, depending
on antecedent soil moisture and the atmospheric evaporative demand,
their impact on SSM will be different. Analogously, the relatively weak
spectral minimum of rainfall at 16–18 days corresponds to a strong sur-
face soil moisture minimum. Detailing the seasonal dependence of the
spectral characteristics of rainfall and soil moisture needs further signal
processing and is beyond the scope of this study.
The shown results suggest that it would be helpful to quantify the
steepness (or redness) of the spectrum. We propose here to use the
ratio R of themean energy in the submonthly (6–30 days) and seasonal
to annual (90–365 days) bands for the evaluation of the spectral charac-
teristics of the SSM estimated by SMOS and ORCHIDEE. This allows us to
evaluate the relative weight of the annual cycle and the synoptic vari-
ability in the different SSM estimates. The legend of Fig. 2b shows how
R decreases as the thickness of the considered soil moisture layer in-
creases. Table 1 gives the values of R for the REMEDHUS basin. The
ratio is very stable between the 19 stations, which reﬂects the impor-
tance of the rainfall variability. The two ORCHIDEE simulations show
very similar R values, which approximately double the R values obtain-
ed from the in-situ observations. For SMOS, the ratio is three times larg-
er than for REMEDHUS, reﬂecting the high temporal variability, or low
SSM memory, noted in Fig. 1.Fig. 3. Temporal correlation over the Iberian Peninsula between SSMestimates fromSMOS
and ORCHIDEE simulations forced by ERA-I (OR-ERA) (top) and WFDEI (OR-WFD)
(bottom).
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The temporal correlation of SMOS and the two ORCHIDEE simula-
tions over the REMEDHUS site is generalized to the entire IP. Fig. 3
shows that the temporal correlation between daily time series is very
good with values above 0.7 for large parts of the IP, conﬁrming the re-
sults obtained over the REMEDHUS basin. All values are statistically sig-
niﬁcant at 95% level except for a few points, for which the correlation
was set to zero in the maps. Considering the OR-ERA (upper panel of
Fig. 3) or the OR-WFD (lower panel) simulation does not lead to large
differences in the temporal correlation with the SMOS signal. This is as
expected, since the rainfall data forcing the two simulations share the
same synoptic variability, i.e. one of the re-analysis.
Most of the regions with correlations below 0.6 correspond to
mountainous areas like the Iberian System (which is oriented from
North-West to South-East along the 4 red dots in Fig. 3), the Central Sys-
temor the Penibaetic System in the South-East. Topography is known to
pose problems for SSM retrieval algorithms from passive microwave
measurements (Mätzler & Standley, 2000). The steepest mountains,
like the Pyrenees, are often ﬂagged and excluded from the retrievals
provided for SMOS. More intriguing are the low temporal correlations
found in the north-western part of the IP. This region is dominated by
an oceanic climate and a large amplitude of the rainfall annual cycle.
Noteworthy as well are the relatively low temporal correlation values
(between 0.6 and 0.8) in the Ebro valley, which is located between the
Pyrenees and the Iberian System (see Fig. 3).
3.3. Spatial correlation
Remotely sensed products are the only means to retrieve large scale
observations of water availability in the upper layers of the soil. Thus,
they are a unique source of information for validating the ability of
models to reproduce the spatial structures of SSM.We compute the spa-
tial correlation (ρ) between remotely sensed and modelled data using
5-day averaged maps. The averaging is needed to obtain maps that are
as complete as possible. For ORCHIDEE the average was computed
based on the thinned dataset where only the values corresponding to
SMOS observations are retained. From the sampling error analysis
(Section 2.3) we know that without this methodology we would intro-
duce a spatial correlation error of at most 0.08.
Fig. 4 provides the time series of spatial correlation between the re-
motely sensed and the simulated SSM. The average spatial correlations
are rather weak: ρ = 0.28 for OR-ERA and ρ = 0.26 for OR-WFD.
These values are smaller than both the spatial correlation computed
between rainfall data sets (ρ= 0.59 for E-OBS/ERA-I and ρ= 0.64 for
E-OBS/WFDEI) and the averaged temporal correlations, which are 0.69
for OR-ERA and 0.68 for OR-WFD. It is worth noting that the spatialFig. 4. Spatial correlation (ρ) of the remote sensed and simulated SSM over the Iberian
Peninsula. 5 day averaged maps were correlated and signiﬁcant values (p-values N 0.95)
are highlighted with circles.correlation is slightly better for the simulation forced with ERA-I, al-
though this forcing data-set is known to be affected by biases that are
partly corrected in the WFDEI data. There appears to be some seasonal
variability in these results with the highest values obtained during the
spring and summer of 2012. But there is no notable increase in spatial
correlation during the spring and summer of 2011 although the density
of SMOS observations is about the same as the following year. The lack
of observations in the ﬁrst half of 2010 does not appear to worsen the
spatial correlation.
To better understand the poor correlation between spatial struc-
tures, we evaluate if the differences originate in the fast or slow compo-
nents of the SSM ﬁelds. For this diagnostic we decompose the SSM time
series into a smooth annual cycle and an anomaly independently at each
grid point (as explained in Section 2.5). The spatial correlations are
then computed for the slow and fast components separately. It is
important to note that the slow signal accounts for the inertia of
the soil moisture, as demonstrated by the high energy at low frequencies
(see Section 3.1). The physical interpretation of long term ﬂuctuations
(beyond seasonal periodicity) of SSM are also difﬁcult because they mix
very different regimes of the variable. On the other hand, the fast compo-
nent is likely to integrate high frequency noise or errors.
Fig. 5 shows that the slow component exhibits low spatial correla-
tion values, whose average is smaller than the one found for the total
signals. In contrast with what is displayed in Fig. 4, the highest values
are attained in autumn and the minimum in winter and spring. In
other words, the spatial correlation is higher during the driest period
of year for the IP, while the lowest values are found during the wettest
period. The spatial correlation of the fast component is higher than the
one obtained for the total signal, reaching the largest values in autumn
and winter. These results indicate that themajor differences in the spa-
tial structures between SMOS and ORCHIDEE may be attributed to the
slow varying component of SSM and not to its rapid response to rainfall
events.
3.4. Spectral analysis
To examine in depth the poor spatial correlation and identify the re-
gions degrading the spatial correlations, we will analyse the steepness
of the periodograms and its relation to rainfall at each point. The follow-
ing analysis is based on the assumption, detailed in Section 3.1, that the
variability of SSM is essentially driven by rainfall and the inertia of theFig. 5. Spatial correlation between the SMOS and ORCHIDEE estimates for SSM decomposed
into the mean annual cycles (upper panel) and anomalies (lower panel).
Fig. 6. Ratio of spectral power in the 6–30 days and 90–365 day bands. First row: E-OBS rainfall and SMOS surface soil moisture. Second row: ERA-I rainfall and OR-ERA SSM. Third row:
WFDEI rainfall and OR-WFD SSM.
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Thus we examine how the ratio (R) of energy between the 6–30 and
90–365 days band changes from the rainfall to SSM estimates. To
avoid any biases, this diagnostic is performed on daily means sam-
pled as the SMOS observations.
The ﬁrst columnof Fig. 6 provides the ratio R for the rainfall datasets.
For E-OBS (an independent rain gauge based estimate) the ratio R is be-
tween 0.3 and 0.5 over most of the IP with its minima in the North-
West, indicating an important role of the annual cycle in that region.
This is consistent with the climatology of the IP, which is characterized
by a very weak annual cycle of rainfall in the East and a strong contrast
between rainy winters and relatively dry summers in the West. The
ERA-I rainfall shows the largest contrasts in the spectral ratios and is
characterized by high values (R above 0.5) in large parts of the
North-East. The bias-correction performed to obtain the WFDEI
rainfall reduces these contrasts and the R map is more similar to
that of E-OBS. Despite the uncertainty in the R estimates for rainfall,
the outcome of this diagnostic can be well related to the rainfall
climatology of the region. Finally we note that for rainfall the ratio
is always higher than 0.2.
Using the same colour scale for rainfall and SSM, the right column of
Fig. 6 illustrates clearly the red-shift of the spectrum of SSM, displaying
smaller values of the ratio R for SSM than for rainfall. SMOS and
ORCHIDEE are in good agreement over an area in the centre of the
IP to the West of border between Spain and Portugal. In this area, which
includes the REMEDHUS basin, there is over 20 times more energy in
the 90–365 days band than in the shorter periods (6–30 days). Over the
same region, the rainfall has less than 5 times more energy in the90–365 days band, thus showing that the red-shifts observed by
SMOS and modelled by ORCHIDEE are qualitatively similar.
The Ebro basin is characterized by signiﬁcant differences between
the observations and the model. ORCHIDEE's SSM has more energy in
the annual cycle (R below 0.05), while for SMOS R is between 0.05
and 0.09. It could well be that the model does not drain or evaporate
quickly enough thewater out of the top 5 cmof soil, thus overestimating
the slow component of the SSM variability. It is interesting to note that
the spectral differences between the two forcing rainfall datasets result
in small differences between the spectra of the simulated SSM and
which are signiﬁcantly smaller than thediscrepancieswith the remotely
sensed data. The possibly larger inertia of the modelled SSM could also
explain the relatively low temporal correlation found over the Ebro val-
ley in Section 3.1. However it is difﬁcult to point at a weakness of either
the model or the SMOS data without the availability of in-situ observa-
tions that could serve as an independent benchmark.
The largest discrepancies are again found in the North-West of the
Peninsula, where the rainfall spectrum is characterized by relatively
small R values. ORCHIDEE produces there its lowest values of the ratio
for SSM, thus shifting the spectrum further towards the longer periods.
This means that, according to the model, individual rainfall events
impact only weakly the SSM evolution in the north-western of the IP.
On the other hand the spectrum for SMOS displays in this region the
highest R values, which are furthermore very close to those of rainfall.
Thus, the remotely sensed SSM indicates a weak red-shift of the rainfall
spectrum, i.e. only a small part of the spectral power is displaced to the
lower frequencies when compared to themodel. Such behaviourwould
be expected from pondedwater, which has very little memory and thus
Fig. 7. Expansion coefﬁcients for the ﬁrst three pairs of co-varying patterns. From top to
bottom the SVDanalysis corresponds to E-OBS/SMOS, E-OBS/OR-ERA andE-OBS/OR-WFD.
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SMOS in southern France as well.
This spectral analysis of SSM reveals that the model and the
remotely sensed data have very different behaviours in speciﬁc
regions. The regions of the IP with the largest discrepancies in the
spectral characteristics are also those with the lowest temporal cor-
relation. The differences in SSM variability over large fractions of the
IP, as shown here through discrepancies in R, can lead to different
spatial covariances in the model and the remotely sensed data and
thus explain the low spatial correlation. Other diagnostic tools are
needed to better understand the co-variance of SSM and rainfall
and perhaps identify the cause of the low spatial correlation be-
tween products.
3.5. The spatio-temporal co-variance of SSM and rainfall
The co-variance of rainfall and soilmoisture can be analysed bymeans
of the singular value decomposition (SVD)method (Bretherton, Smith, &
Wallace, 1992; Wallace, Smith, & Bretherton, 1992). We apply it here to
the simulated and remotely sensed daily SSM values using the indepen-
dent rainfall dataset E-OBS (Haylock et al., 2008). Using these precipita-
tion estimates as benchmarks ensures that the model is not favoured in
the comparison, as it would be if we used the forcing rainfall, and that
the differences found originate in SSM. Furthermore all differences in
co-variant patterns can only originate in the soil moisture products. The
diagnostics will be focused on the ﬁrst three co-varying patterns (CPi,
i = 1,2,3). They represent at least 97% of the co-variance of surface
soil moisture and rainfall in all three SSM estimates (Table 2). The CPs
are sorted by their fraction of explained co-variance as well as by their
spatial correlation to facilitate the discussion. This is why CP2 for the
modelled SSM explains less co-variance than CP3.
The SSM expansion coefﬁcients (Fig. 7), which are the projections of
the soil moisture ﬁeld on the co-varying patterns identiﬁed via SVD,
show that CP1 has a large annual cycle. Thus CP1 can be linked to the
seasonal co-variability of rainfall and SSM. It is worth noting at this
stage that the amplitude of variation of the expansion coefﬁcients are
quite similar between SMOS and ORCHIDEE. As illustrated by Fig. 7,
CP2 and CP3 represent the higher frequency (synoptic) variability of
soil moisture linked to rainfall events. They explain very similar frac-
tions of the co-variance in all three decompositions, i.e. between 2%
and 4%. At the REMEDHUS site (see Section 3.1), the synoptic rainfall
variability is the dominant cause of the co-variance between the SSM
datasets. On the other hand, at the regional scale the SVD analysis
shows that the annual cycle dominates the co-variability of rainfall
and SSM. This is the case for SMOS as well as for ORCHIDEE and is ex-
plained by different climatological characteristics of rainfall across the
region and their impact on SSM structures. The synoptic co-variability
summarized by CP2 and CP3 plays a minor role, probably because of
the large spatial variability of this part of the signal. The last column of
Table 2 provides the spatial correlation of the three ﬁrst precipitationTable 2
Characteristics of the ﬁrst three pairs of co-varying patterns of precipitation (P) and surface so
















CP3 0.04 0.12and SSM CPs. Generally, the fast varying CPs show higher spatial corre-
lation values than CP1. This can be explained by the fact that the vari-
ability represented by CP1 is determined not only by rainfall, but alsoil moisture (SSM). The explained (co-)variance statistics are expressed as fractions.
explained Heterogeneous explained variance Spatial correlations of
P and SSM co-varying
patterns.
SSM SSM exp. by P P exp. by SSM
0.39 0.08 0.07 0.47
0.07 0.01 0.01 0.79
0.06 0.01 0.02 0.76
0.64 0.15 0.08 0.46
0.11 0.01 0.01 0.82
0.13 0.02 0.02 0.91
0.63 0.16 0.08 0.45
0.09 0.01 0.02 0.86
0.12 0.02 0.02 0.92
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varying CPs these processes are less important, we observe higher spatial
correlations between rainfall and SSM patterns.
Between 15% and 16% of the ORCHIDEE SSMvariance is explained by
the rainfall CP1 (heterogeneous explained variance fractions in Table 2).
Consistently, the precipitation variance attributable to the ﬁrst CP of
SSM is only 8%. The difference in these heterogeneous correlations is
the consequence of the asymmetric causal link between rainfall and
soil moisture that favours the SSM variance explained by rainfall. For
SMOS, the heterogeneous explained variance fractions are not only
lower (8% and 7%), but also the difference between the two values is
very small. We may conclude that, at the seasonal scale (CP1), the link
between rainfall and SSM is weaker for SMOS data than for the model.
Moreover, the synoptic variability of precipitation extracted by the
SVD analysis (CP2 and CP3) seems to explain a negligible part of the
regional SSM variability.
The pattern maps (Figs. 8, 9 and 10) allow to locate the areas where
the co-variance between rainfall and soil moisture is largest. In all three
SVD analyses the spatial structure for rainfall is dominated by thewest-
ern coast of the IP and the western ﬂank of the Penibaetic System. This
structure corresponds well to the dominant mode of rainfall variability
identiﬁed by Rodriguez-Puebla, Encinas, Nieto, and Garmendia (1998).
The spatial correlation between the three maps of rainfall CP1 is above
0.98. In the corresponding soil moisture CPs, the signal is strongest
over the south-western andwestern IP. In ORCHIDEE themaximum ex-
tends further to the North-West than in SMOS. In the 3 pairs the spatial
correlation between the CP1 for rainfall and SSM is between 0.45 and
0.47 (Table 2). Although differences between the soil moisture CP1
can be identiﬁed, the spatial correlations of SMOS CP1 with those of
ORCHIDEE are above 0.63. These values of spatial correlations of the
SSM CP1 are higher than the raw spatial correlations presented in
Section 3.2. Moreover, the soil moisture CP1 for SMOS explains 39% ofFig. 8. First co-varying for rainfall (left column) and surface soil moisture (right column) for the
E-OBS and OR-WFD.the total SSM variance, while for ORCHIDEE this fraction is between
63 and 64% (homogeneous explained variance fractions in Table 2).
The second CPs characterize the East West gradient of rainfall and
are dominated by the high frequency variations as illustrated by the
expansion coefﬁcients (Fig. 7). It is consistent with the third mode of
variability identiﬁed by Rodriguez-Puebla et al. (1998). Although the
spatial correlation between the three rainfall CP2s is high (ρ above
0.96) some notable differences are induced in the analysis by the asso-
ciated soil moisture. The CP2 of SSM reﬂect well the rainfall structure;
spatial correlations are above 0.79, (see last column of Table 2). Some
discrepancies are found in the North-West and the South-East (Murcia
region) of the IP. The ﬁrst region shows, as for CP1, a weaker corres-
pondence between SMOS SSM and rainfall. While over Murcia, the
modelled SSM is less correlated with rainfall. The spatial correlation of
CP2 for SSM of SMOS with those of ORCHIDEE is above 0.79, but
the total variance of SSM explained by the CP2 of rainfall is small
in all cases (1%).
CP3 represents the North South gradient of rainfall variability and is
in good agreement with the second mode identiﬁed by Rodriguez-
Puebla et al. (1998). As noted above it is characterized by a strong syn-
optic variability. The CP3s of SSM show similar spatial structures and
their correlation with the rainfall patterns is above 0.76. It is worth not-
ing that the similarity between rainfall and soil moisture CP3s over the
Murcia region is stronger for the model than for the remote sensed
product. Thus, there might be a distribution of the co-variability be-
tween CP2 and CP3 which is slightly different between the three
analysis. Over the Ebro basin we ﬁnd that rainfall and SSM CP3s
are more similar for SMOS than the model. This can be related to
the result of the spectral analysis, which characterized the modelled
SSM with larger inertia compared to SMOS. The spatial correlation
between the CP3s of soil moisture between SMOS and the model is
0.74 for both simulations.three SVD analysis: First row E-OBS and SMOS. Second row E-OBS and OR-ERA. Third row
Fig. 9. As Fig. 8 but for the second pairs of co-varying patterns.
Fig. 10. As Fig. 8 but for the third pairs of co-varying patterns.
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this region. At this spatial scale, the co-variance of the two variables is
dominated by the annual cycle. Moreover the identiﬁed co-varying pat-
terns are similar between the model and the remotely sensed data. The
largest discrepancies between SMOS and ORCHIDEE are found again in
the North-West. This methodology conﬁrms that the response of SSM
to rainfall is a source of differences between the remotely sensed and
modelled values but it does not seem to be major. A new aspect identi-
ﬁed by the SVD analysis is that only 52% of SMOS SSM variability at the
regional scale can be attributed to the co-variance with rainfall, while
for themodel this fraction is between 84% and 88%. These values are ob-
tained by summing the homogeneous explained variance over the ﬁrst
three CPs.
4. Discussion and conclusions
This study presents an analysis between surface soil moisture (SSM)
estimates over the Iberian Peninsula: the SoilMoisture andOcean Salinity
(SMOS) satellite retrievals are compared to the output of the ORCHIDEE
land surface model. In-situ measurements over the REMEDHUS basin
are used for an initial benchmarking. The analysis of the spatio-
temporal variability of SSM is then extended at regional scale. The
co-variance of SSM and precipitation is also analysed.
Our results are in good agreement with previous results showing
that the time evolution of SSM measured in-situ, remotely sensed
or modelled, display good correlations (Albergel et al., 2012; Parrens
et al., 2012). A spectral analysis of the temporal variability of SSM brings
some nuances to these results. Indeed the red-shift of the rainfall spec-
trum is linked to the physics of the upper soil moisture, in particular to
its inertia. Both SMOS and ORCHIDEE display spectral slopes which are
less steep than the ones found in the in-situ data. The excess of energy
in the high frequency variations of the remotely sensed and modelled
SSM can be attributed to assumptions made in SMOS and ORCHIDEE
on the soil physics that are not supported by REMEDHUS data. These dif-
ferences found in soil moisture dynamics and, in particular, in the effec-
tive inertia of the moisture reservoir, are not well diagnosed by time
correlations but are probably reﬂected in the poor spatial correlations.
The temporal variability analysis is extended to the entire IP to
identify regions where the SSM estimates of SMOS and ORCHIDEE
may differ. The results are quite satisfactory as over a large part of the
IP the temporal correlation is above 0.7. In some mountainous regions
and in oceanic climate conditions, as expected the correlation falls to
lower values (Mätzler & Standley, 2000). To reﬁne our understanding
of these results, we analysed the spectral slopes of the three regional
SSM products. This analysis demonstrates that large temporal correla-
tions are associated to similar spectral characteristics only over a
narrow region stretching northward from the gulf of Cádiz, along the
Spanish Portuguese border. Elsewhere, the SMOS spectrum is ﬂatter
than the model one. This suggests that SMOS may observe a shallower
and faster soil moisture reservoir than the model does. These results
support the need for more reﬁned diagnostics than simple temporal
correlations, in order to provide more in-sight in the comparisons of re-
motely sensed, in-situ, and modelled SSM.
The spectral analysis performed here is rather qualitative. Using sim-
ple models for the SSM reservoir, as for instance the one proposed by
Brocca et al. (2014), the relation between the spectral characteristics
of rainfall and SSM could be interpreted through some aggregated soil
parameters. This way the differences between SSM estimates could
be quantiﬁed. It would provide a more detailed picture of where the
model and the satellite observe soils with similar characteristics.
The spatial correlation of the SSMmaps obtained from SMOS and the
two simulations are rather low (Fig. 4). The values are smaller than the
average temporal correlations or the spatial correlation between the
considered rainfall products. Thus, despite the good temporal correla-
tions atmost of the points, the small differences lead to degraded spatial
co-variances between points and thus a poor match of the spatialstructures. Gonzalez-Zamora et al. (2015) found a similar result when
comparing a regional network of in-situ observations to the SMOSprod-
ucts. They attribute this result to the spatialmismatch of coarse-scale re-
motely sensed observations and point measurements. However, this
argument does not hold when comparing a remotely sensed product
with amodel output, as they are both designed for similar spatial scales.
In the present study we investigate this lack of spatial correlation by
trying to identify the time scale at which it is most signiﬁcant. First, this
was pursued by separating at each grid point the slow from the fast var-
iations of SSM. It demonstrated that the lowest spatial correlations are
obtained for the slow varying part of the signal. This methodology is
simple anddoes not take into account that a large part of the SSM spatial
structures are driven by the rainfall variability. This diagnostic was thus
further reﬁned by analysing the co-variance of rainfall and SSM via
singular value decomposition (SVD). SVD identiﬁes the patterns of co-
variance between the two variables and determines the fraction of
explained co-variance. This analysis demonstrates that the co-variability
of SSM and rainfall is characterized by similar structures in the remotely
sensed and modelled variables. The concordance is stronger than the
spatial correlation found for the full soil moisture signal. Thus we may
conclude that the rainfall driven structures of SSM that are captured by
the model and SMOS are compatible.
Themore puzzling outcome of the SVD analysis is that in ORCHIDEE
over 80% of the SSM variability is explained by the identiﬁed co-varying
patterns, while in SMOS this ratio is only of 52%. This leads to the hy-
pothesis that the low spatial correlation between the SSM estimates
has in large parts its origin in structures that are not driven by the syn-
optic and seasonal variability of rainfall. This in turn raises the question
on the origins of these slow varying spatial structures, which are
not rainfall-driven and which exist in SMOS but are not captured by
ORCHIDEE. Answering this question might lead the community devel-
oping land surface models to add processes that are captured by the L-
bandmeasurements. Should these be artefacts of the retrieval algorithm
or properties of the L-band remote sensing, then understanding these
structures will lead to improvements in the retrieval methodologies.
Based on the presented results, we have some investigation avenues
to propose. The spectral analysis identiﬁed the difference in steepness of
the spectra of SSM as onemajor discrepancy between themodelled and
remotely sensed SSM. It appears that the SMOS product is closer to
white noise, or has less inertia, than what the model seems to indicate.
This would be consistent with the ﬁndings of Escorihuela, Chanzy,
Wigneron, and Kerr (2010) who indicate that the penetration depth of
the L-band signal is shallower thanwhat is assumed and that it depends
on the soil moisture conditions. Thus the SSM reservoir would be more
responsive to rainfall events when the climate becomes wetter, thus
enhancing the higher frequency variability. The climate of the
north-western corner of the IP, which exhibits a particularly poor
match between SMOS and ORCHIDEE, constitutes the ideal setting for
this effect to play an important role.
Analysing only SMOS-derived soil moisture estimates, it is not possi-
ble to conclude on the likely causes of the spatial mismatch with
ORCHIDEE. A similar analysis performed on the observed brightness
temperatures, and those which can be simulated by microwave
emission model (De Rosnay et al., 2009; Drusch, Holmes, de Rosnay, &
Balsamo, 2009) using ORCHIDEEmoisture proﬁles, may indicatewhether
the spectral characteristics are affected by a varying penetration depth
and to which extent the brightness temperature patterns should be co-
varying with rainfall. The answer to this question will be an important
contribution to the usage of the L-band measurements available from
SMOS and Aquarius, or the recently launched SMAP mission (Entekhabi
et al., 2010).
The present analysis can be repeated over any region of the world
that has a sufﬁciently dense rainfall gauge network to establish reliable
estimates of daily rainfall. Determining the characteristics of co-
variance of rainfall and surface soil moisture allows to better understand
the remotely sensed variable and their relation to what is represented in
80 J. Polcher et al. / Remote Sensing of Environment 174 (2016) 69–81land surface models. A continuous effort in this direction is an important
support to all data assimilation projects that are using remote sensing
products of thewater cycle to build climatologies of surface state variables
or to initialise forecast systems.
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